Time-frequency and point process algorithms for cardiac arrhythmia analysis and cardiorespiratory control by Kodituwakku, Sandun
Time-Frequency and
Point Process Algorithms for
Cardiac Arrhythmia Analysis
and Cardiorespiratory Control
Sandun V. W. Kodituwakku
B.E. (Hon 1), The University of Adelaide
May 2012
A thesis submitted for the degree of Doctor of Philosophy
of The Australian National University
Research School of Engineering
College of Engineering and Computer Science
The Australian National University

Declaration
The content of this thesis is a result of original research done and has not been
submitted for a higher degree in any other university. Most of the work pre-
sented in this thesis have already been published in peer-reviewed journals and
conference proceedings as listed below:
Journal Publications
• S. Kodituwakku, S. W. Lazar, P. Indic, Z. Chen, E. N. Brown, and R.
Barbieri, “Point process time-frequency analysis of dynamic respiratory
patterns during meditation practice,” Medical and Biological Engineering
and Computing, vol. 50, no. 3, pp. 261-275, 2012.
• S. Kodituwakku, R. A. Kennedy, and T. D. Abhayapala, “Radial function
based kernel design for time-frequency distributions,” IEEE Transactions
on Signal Processing, vol. 58, no. 6, pp. 3395-3400, 2010.
• S. Kodituwakku, R. A. Kennedy, and T. D. Abhayapala, “Kaiser window
based kernel for time-frequency distributions,” IET Electronics Letters, vol.
45, no. 4, pp. 235-236, 2009.
Conference Proceedings
• S. Kodituwakku, J. Kim, V. Napadow, M. L. Loggia, and R. Barbieri,
“Point process respiratory sinus arrhythmia analysis during deep tissue
pain stimulation,” Proc. Computers in Cardiology, pp. 193-196, 2011.
• S. Kodituwakku, R. A. Kennedy, and T. D. Abhayapala, “Time-frequency
analysis compensating missing data for atrial fibrillation ECG assessment,”
i
ii
Proc. IEEE Int. Conf. Acoustics, Speech and Sig. Proc., pp. 641-644,
2011.
• S. Kodituwakku, S. W. Lazar, P. Indic, E. N. Brown, and R. Barbieri,
“Point process time-frequency analysis of respiratory sinus arrhythmia un-
der altered respiration dynamics,” Proc. Annual Conf. of IEEE Engineer-
ing in Medicine and Biology Society, pp. 1622-1625, 2010.
• S. Kodituwakku, T. D. Abhayapala, and R. A. Kennedy, “Orthogonal basis
expansion based atrial activity reconstruction for atrial fibrillation Elec-
trocardiogram analysis,” Proc. Annual Conf. of IEEE Engineering in
Medicine and Biology Society, pp. 1820-1823, 2009.
• S. Kodituwakku, T. D. Abhayapala, and R. A. Kennedy, “Atrial fibrillation
analysis using Bessel kernel based time-frequency distribution technique,”
Proc. Computers in Cardiology, pp. 837-840, 2008.
The research work presented in this thesis has been performed jointly with
A/Prof. Thushara D. Abhayapala (The Australian National University), Prof.
Rodney A. Kennedy (The Australian National University), and A/Prof. Ric-
cardo Barbieri (Harvard Medical School/Massachusetts Institute of Technology).
The substantial majority of the work is my own.
The following people also contributed to some of the published material: Prof.
Emery N. Brown (Harvard Medical School/Massachusetts Institute of Technol-
ogy), A/Prof. Premananda Indic (University of Massachusetts), A/Prof. Sara
W. Lazar (Harvard Medical School), Dr. Zhe Chen (Massachusetts Institute of
Technology), A/Prof. Vitaly Napadow (Harvard Medical School), Dr. Jieun Kim
(Harvard Medical School), and Dr. Marco L. Loggia (Harvard Medical School).
Sandun V. W. Kodituwakku,
Research School of Engineering,
The Australian National University,
Canberra, ACT 0200, Australia.
Acknowledgements
The work presented in this thesis would not have been possible without the
support of a number of individuals and organizations. They are gratefully ac-
knowledged below:
• My supervisors A/Prof. Thushara Abhayapala (The Australian National
University), Prof. Rodney Kennedy (The Australian National University),
and A/Prof. Riccardo Barbieri (Harvard Medical School/Massachusetts
Institute of Technology) for their guidance, insight, support, and encour-
agement throughout my PhD candidature.
• Prof. Emery Brown (Harvard Medical School/Massachusetts Institute of
Technology), A/Prof. Premananda Indic (University of Massachusetts),
A/Prof. Sara Lazar (Harvard Medical School), Dr. Zhe Chen (Mas-
sachusetts Institute of Technology), A/Prof. Vitaly Napadow (Harvard
Medical School), Dr. Jieun Kim (Harvard Medical School), and Dr. Marco
Loggia (Harvard Medical School) for their collaboration on some of the
work presented in this thesis, and for many fruitful discussions.
• All the academics, students, and administrative staff in the Applied Sig-
nal Processing Group, Research School of Engineering, the Australian Na-
tional University, and in the Neuroscience Statistics Research Laboratory,
Massachusetts General Hospital for their effort in providing a friendly and
productive research environment.
• The Australian National University for providing me a PhD scholarship
and a number of travel grants. Also, Massachusetts General Hospital and
Australian Research Council Communications Research Network for pro-
viding me travel grants and funding my overseas research visits.
iii
iv
• My friends Tharaka Lamahewa, Sudewa Nawarathna, Sachithra Hemachan-
dra, Terence Tay, and many others for their kind support. Special thanks
to Sumila Wanaguru for her continuous support and encouragement during
my PhD studies.
• My parents for their tireless efforts in providing me higher education and
guidance throughout the life. My sister Anuradha, brother-in-law Manilka,
and niece Runi for their kind help and support.
Abstract
Cardiovascular diseases are major causes of disability and premature death glob-
ally. In particular, atrial fibrillation is the most common cardiac arrhythmia
condition found in clinical practice, and is associated with an increased risk of
stroke. Heart rate variability (HRV) and respiratory sinus arrhythmia (RSA) are
important indicators of cardiovascular health, and provide useful information on
autonomic nervous system inputs to cardiac cycle and cardiorespiratory coupling,
respectively. New methods to support the treatment of cardiovascular diseases
and identifying efficient ways of measuring cardiovascular health could yield sig-
nificant benefits. In this thesis, we present a number of advanced algorithms for
cardiorespiratory signal processing.
We present algorithms for analyzing atrial fibrillation arrhythmia from elec-
trocardiograms (ECG). We propose an orthonormal basis function based repre-
sentation for fibrillatory waveforms, and use a regularized least square solution
for atrial activity extraction from ECG, suppressing more dominant ventricular
components. Time-frequency analysis of atrial activity is used to identify and
track fibrillatory frequencies from extracted atrial activity, which provides possi-
ble guidance to tailored treatments. In addressing the problem of tracking fibril-
latory frequencies, we have developed a framework for generating new classes of
time-frequency distributions with many desirable properties. This framework is
based on multi-dimensional Fourier transform of a radially symmetric function,
and can be used to generate new distributions with unique characteristics. A
realization of this framework on a high-dimensional radial delta function results
in a new class of time-frequency distributions, which we call radial-δ distribu-
tions. The class of radial-δ distributions unifies number of well known distribu-
tions, and further provides methods for high resolution time-frequency analysis
v
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of multi-component signals with low interference terms.
We present a maximum likelihood inverse Gaussian point process model for
dynamic and instantaneous HRV and RSA estimation from heart beat interval
series and respiration recordings. Unlike previous methods, we perform time-
frequency analysis of heart beat interval series, respiration, as well as the coher-
ence between the two, and dynamically evaluate RSA transfer function based
on instantaneous respiration and maximum coherence frequencies. The point
process algorithm and dynamic respiration based RSA estimation methods are
applied on two experimental protocols, a meditation experiment and a pain ex-
periment. These applications demonstrate the robustness of the point process
model in estimating HRV and RSA under different psychophysiological states.
Regardless of the significant variations in respiration during meditation prac-
tice, goodness-of-fit tests are still found to be well within the desired confidence
bounds, which validate the proposed models. Results indicate a significant in-
crease in RSA during meditation practice, which suggest positive influence of
meditation on the cardiovascular health. In the second experiment, reduced
RSA during pain indicates the ability of the method to differentiate between
different acute pain levels.
Novel time-frequency distributions and orthonormal basis atrial activity rep-
resentation based analysis provide accurate tracking of fibrillatory frequencies
of atrial fibrillation arrhythmia from ECG. The point process model with time-
frequency analysis provides accurate estimations of HRV and RSA, and is robust
to dynamic changes in respiration and autonomic inputs. These algorithms pro-
vide useful tools for monitoring cardiovascular health and particular arrhythmia
conditions.
List of Acronyms
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AF Atrial Fibrillation
AIC Akaike Information Criterion
AR Autoregression
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